ABSTRACT Slow-growing chicken lines are valuable genetic resources for the development of well-perceived alternative free-range production. While there is no constraint on increasing growth rate, breeding programs have to evolve in order to include new traits improving the positioning of such lines in the growing market for parts and processed products. In this study, we used dense genotyping to fine map QTL for chicken growth, body composition, and meat quality traits in view of developing new tools for selection of a slow-growing line. The dataset included a total of 836 birds (10 sires, 87 dams, 739 descendants) and 40,203 SNP. QTL for the 15 traits analyzed were detected by 3 different methods, i.e., linkage and linkage disequilibrium haplotype-based analysis (LDLA), familybased single marker association (FASTA), and Bayesian multi-marker regression (Bayes Cπ). After filtering for QTL redundancy, we found 16, 16, and 9 QTL when using the FASTA, LDLA, and Bayes Cπ methods, respectively, with a threshold of 2.49 × 10 −5 for FASTA and LDLA, and a Bayes factor of 150 for the Bayes Cπ analysis. They comprised 17 QTL for body weight, 9 QTL for body composition, and 15 QTL for breast meat quality or behavior at slaughter. The 3 methods agreed in the detection of highly significant QTL such as that detected on GGA24 for body weight at 3, 6, and 9 wk, and the 2 QTL detected on GGA17 and GGA18 for breast meat yield. Several significant QTL were also detected for the different components of breast meat quality. This study provided new locations for investigation in order to improve our understanding of the genetic architecture of growth, carcass composition, and meat quality in the chicken and to develop molecular tools for the selection of these traits in a slow-growing line.
INTRODUCTION
Chicken meat production relies on a variety of genotypes, with lines highly selected on growth and muscle development used for standard production and intermediate or slow-growing lines used for alternative free-range or organic production. The latter production approaches are gaining attention in many European countries in response to the consumers' expectations in terms of animal welfare, environmental protection, and product quality. Unlike fast-growing genotypes, slowgrowing genotypes are well suited to free-range production systems as they show intensive foraging behavior and spend a lot of time outdoors (Castellini et al., 2008) . Moreover, their slower growth rate allows slaughter at a later age than standard chickens, which provides C 2018 Poultry Science Association Inc. Received July 30, 2018. Accepted November 9, 2018. 1 Corresponding author: elisabeth.duval@inra.fr a product of higher sensory quality (Remignon and Culioli, 1995) . In France, development of Label Rouge production issued from slow-growing lines has continued since the sixties and is now extensively available in the whole carcass market (61% in 2014). Nonetheless, Label Rouge has failed to penetrate the developing markets for parts and processing (11% of cuts in 2014) which undermines its development in the future. In particular, slow-growing chickens have lower breast meat yield and more acid and exudative meat than standard chickens (Berri et al., 2005b) . Alternative production has therefore to adapt to the new market demands for quick and easy to prepare products while preserving the specific qualities related to the use of slow-growing strains. In a previous study on the estimation of genetic parameters, we demonstrated wide genetic variability of carcass composition and meat-quality-related traits in a commercial slow-growing line (Chabault et al., 2012) . The goal of the current study conducted on the same population was to precise the genetic architecture of these traits and to look for genetic markers that could be useful in selection, by taking advantage of chicken high-density SNP chip. Three different methodological approaches based on linkage disequilibrium (LD) or linkage disequilibrium and linkage analysis (LDLA) were applied to identify quantitative trait loci (QTL) underlying the genetic variability of 15 phenotypes related to growth, carcass composition, meat quality, and behavior at slaughter measured in a commercial slowgrowing line. As such a line has not been intensively selected, we expected to have several QTL segregating in this population and to be able to identify new genomic regions for the different traits, knowing that several QTL have already been reported for growth and body composition in chicken but very few for meat quality and, to our knowledge, none for behavior at slaughter.
MATERIALS AND METHODS

Animals and Traits
The birds originated from a slow-growing line selected by the SASSO breeding company (Sabres, France) since 1994. Phenotypic and genotypic data were collected from 764 male and female pedigree birds originating from 10 sires and 87 dams. The rearing conditions of the birds have previously been reported in Chabault et al. (2012) . Briefly, the birds were reared in 3 successive batches (mixed sex) under free-range conditions according to the French legislation on Label Rouge production. They had access to an outdoor area after 6 wk of age. Chickens were individually weighed at 3 (BW3), 6 (BW6), and 9 wk (BW9) of age. They were also weighed at 12 wk (BW12) before slaughter in the experimental plant at INRA PEAT (Pôle Expérimentation Avicole de Tours, F-37 380 Nouzilly, France). Duration of wing flapping (WF) on the shackle line was measured individually as previously described by Debut et al. (2005) . The birds were electrically stunned before killing by manual exsanguination. At 15 min postmortem, the pH (pH15) was measured in the right pectoralis major muscle as described by Berri et al. (2005a) . Samples of pectoralis major muscle (about 60 g) were frozen at -20
• C for lipid determination. After thawing for 12 h at 4
• C, samples were ground and intramuscular fat content (IMF) was measured by near-infrared spectroscopy on a Nirflex N-500 (Buchi, Rungis, France) as described by Chartrin et al. (2010) . Carcasses were dissected 24 h postmortem, and the left breast meat (pectoralis major plus minor), abdominal fat, and thigh plus drumstick weights were measured. Thigh plus drumstick percentage (THP), abdominal fat percentage (AFP), and breast meat yield (BMY) were calculated in relation to body weight (BW) at slaughter. All measurements of meat quality were performed on the left pectoralis major muscle. At 24 h postmortem, the ultimate pH (pHu) was measured by direct insertion of the electrode into the muscle. Color was measured on the upper ventral side of the muscle using a Miniscan Spectrocolorimeter (Hunterlab, Reston, VA) and the CIELAB trichromatic system providing lightness (L * ), redness (a * ), and yellowness (b * ) values. The water-holding capacity of meat was estimated by measuring drip loss (DL) of the raw meat after storage: the pectoralis major muscle was weighed 24 h postmortem and immediately placed in a plastic bag, hung from a hook, and stored at 2
• C for 5 d., when each sample was wiped with absorbent paper and weighed again. The difference in weight corresponded to DL and was expressed as the percentage of the initial muscle weight.
The experiment was conducted according to the guidelines of the French Ministry of Agriculture and European regulations concerning animal experimentation, including Authorization N
• 37-123 from the French Ministry of Agriculture. The experimental unit where birds were reared is registered by the Ministry of Agriculture for animal experimentation under License No C-37-175-1.
Genotyping
Genomic DNA was extracted from blood samples of 764 chicken and their parents (10 sires and 87 dams). Genotyping was performed by the Labogena Laboratory (Jouy en Josas, France) using the Illumina chicken SNP 60 K Beadchip containing 57,636 SNP.
After quality control, 25 samples were removed for further analyses: 12 samples with a call rate lower than 95%, 2 samples with chimeric DNA, and 11 samples with genotypes incompatible with the parents. A total of 17,433 markers (30%) were excluded for failing to meet one or more of the following conditions: SNP on autosomal chromosomes, SNP call rate higher than 95%, minor allele frequency higher than 5%, and Hardy-Weinberg equilibrium test with a P-value higher than 10 −4 . After these quality control steps, 836 birds (10 sires, 87 dams, 739 descendants) and 40,203 SNP were retained for QTL detection.
Statistical Analyses for QTL Detection
Marker density and population structure, in large sire families with many haplotypes provided by mothers, allowed 2 QTL detection methodologies to be applied: LDLA-type analyses exploiting LD both within family and in the general population, and association analyses exploiting LD at the population level only. In the case of LDLA analyses, the detection was carried out using the variance component method based on identity by descent (IBD) probability estimation described by Goddard (2000, 2001) . In the case of association analyses, the methodologies were based on the use of a mixed model containing a polygenic effect and the fixed effect of a single marker (FASTA method) or several markers (BayesCPi method). In each case, the data were corrected for fixed effects of sex and hatch by ANOVA (lm procedure of R) prior to QTL detection.
The FASTA family-based score test for association (Chen and Abecasis, 2007) was implemented in the R package GenABEL (Aulchenko et al., 2007) . This test is a single marker analysis based on the following classical polygenic mixed model:
where y j is the phenotype of an individual j corrected for the fixed effects of sex and hatch, μ the overall mean, x ij the genotype score (coded as 0, 1, or 2) of SNP i for individual j (depending on the number of copies of a given marker allele the individual carried), β i the fixed additive effect of SNP i, u j the random polygenic effect of individual j with u j ∼ N(0, Gσ were used to compute the FASTA test statistics in a model including a single marker effect.
The second method corresponding to multimarker Bayes Cπ analysis (Habier et al., 2011) was implemented in GS3 software (Legarra et al., 2012) . The statistical model was
where y j is the phenotype for an individual j corrected for the fixed effects of sex and hatch, μ the overall mean, M the number of markers analyzed, x ij the genotype score (coded as 0, 1, or 2) of SNP i for individual j, a i the additive effect of SNP i, and e j the random residual for individual j with ej ∼ N(0, Iσ 2 e ), where I is an identity matrix and σ 2 e is the residual variance. All unknown parameters were assigned prior distributions and sampled with a Monte Carlo Markov chain (MCMC) using Gibbs sampling. The MCMC was run for 400,000 iterations, with a burn-in of 40,000 iterations and thin interval of 400. The Bayes Cπ analysis allows introduction in the model of all the SNP at the same time but makes the assumption that only a small proportion of them has a significant effect on the trait. Thus, the prior parameter used for a i is a mixture distribution with a i ∼ N (0, σ 2 a ) if the SNP is in the model (with a probability π) and a i = 0 if the SNP is not in the model (with a probability 1-π). σ 2 a is the common marker effect variance and the hyper parameter (1-π) the prior probability that the effect of marker i is 0. For π the prior distribution was set at a Beta distribution with parameters α = 0.5 × 10 4 and β = 99. The statistic used to detect significant SNP was the Bayes factor, which corresponds to the increase from prior to posterior probabilities of the SNP being "in" the model (Legarra et al., 2015) .
The third method, of LDLA on haplotypes clustered by approximate IBD probabilities, was performed by a program devised by Druet et al. (2008) . Haplotypes were defined on 4 consecutive SNPs. The genotypes were previously phased with PHASEBOOK software (Druet and Georges, 2010) . The presence of an QTL at a given position was determined using the following mixed model according to Meuwissen and Goddard (2000) and Druet et al. (2008) :
where y is a vector of phenotypes corrected for the fixed effects of sex and hatch; h a vector of haplotype effects, where h ∼ N(0, G σ G is a matrix of IBD (Meuwissen and Goddard, 2001) and transmission probabilities, constructed in every test using a window of 4 flanking markers, and A is the pedigree relationship matrix. W and Z are the design matrices that link phenotypes to corresponding haplotype clusters and animal effects, respectively. σ . Model variances were estimated using restricted maximum likelihood implemented in a program developed by Druet et al. (2008) based on BLUPF90 software (Misztal et al., 2002) . The presence of an QTL at each SNP position in the genome was examined using the following likelihood ratio test (LRT):
, where L(H0) and L(H1) are the maximum values of the likelihood functions under polygenic models in which no QTL has been fitted and in which a QTL is present, respectively. The distribution of the statistical test was an equally weighted mixture ( 
Criteria for Selecting Regions of Interest
To deal with multiple tests, a Bonferroni correction was applied. Since this is a quite conservative test, we retained both genome-wide significant and suggestive markers which corresponded to P-values of 1.24 × 10 (Kass and Raftery, 1995; Vidal et al., 2005) .
RESULTS AND DISCUSSION
Number of QTL
The descriptive statistics for the 15 traits analyzed are presented in Table 1 . For the 15 traits, we detected 101, 14, and 544 QTL using the FASTA, Bayes Cπ, and LDLA methods, respectively. Since many tests were locally correlated, only the most significant SNP within a 4-Mb interval were kept. The size of the 4-Mb interval corresponded to twice the LD persistence at both sides of the QTL localization. The LD persistence had been previously estimated on the genome and was equal to 1 Mb on average (results not published). By applying this filter, we found 16, 9, and 16 QTL when using the FASTA, Bayes Cπ, and LDLA methods, respectively ( Table 2 ). The number of QTL detected with the LDLA method decreased drastically after selection within the 4-Mb interval. This is the consequence of the use of a method based on the haplotype analysis which provides redundant QTLs since haplotypes are highly correlated from one haplotype to the next (Legarra et al., 2015) . Legarra et al. (2015) compared the suitability of LDLA, EMMA (a single marker association analysis which like FASTA corrects for relatedness in the population), and BayesC on real datasets obtained on 5 livestock species as well as on simulated QTL. They concluded that none of the methods is clearly the most powerful and that it is common sense to use several different methods for QTL detection. Moreover, for QTL with large signals, the methods agreed well. This was also confirmed in the present study where the 5 most significant SNP were the same for FASTA and Bayes Cπ, and corresponded to the 4 highest SNP and to the eighth SNP detected by LDLA. As highlighted by Legarra et al. (2015) , single-marker association study (FASTA in our case) is the easiest method to use and is superior for its computational efficiency. Therefore, it could be recommended, even if the use of more than one method can provide a more comprehensive detection of QTL regions.
The current study provided a short list of highly significant QTL that could be further refined for the search for causative mutations. They were identified by applying stringent thresholds of significance obtained by Bonferroni correction. Much more numerous QTL were found when considering lower levels of significance: 150, 135, and 118 when using the FASTA, Bayes Cπ, and LDLA methods, respectively, with the threshold of 5.10 −4 for FASTA and LDLA and a Bayes factor of 20 for the Bayes Cπ analysis. This is in agreement with a polygenic inheritance of growth, body composition, and meat-quality-related traits, which are controlled by a large number of genes, most of them having a relatively small effect and a few ones a more major effect. These latter loci with a higher effect were highlighted in the current study and compared with previous detected QTL on the basis of information available in Animal QTLdb for chicken (https://www.animalgenome. org/cgi-bin/QTLdb/GG/index) for galgal5 assembly.
QTL of Growth
A total of 17 QTL were detected for BW traits (Table 2) . Some QTL were detected at a specific age. This was the case on GGA1 for BW12, GGA6 for BW9, GGA11 and GGA12 for BW6, and GGA14 for BW3. This is in line with previous studies suggesting that different genes are involved in the determinism of the different stages of growth (Podisi et al., 2013; Reyer et al., 2015) . No BW QTL had previously been detected at these positions, except for GGA14 where a QTL for BW at 36 d was previously found in close position in a commercial broiler population (Reyer et al., 2015) . The positions were separated by at least 4 Mb within a method. 1 Positions are indicated on galgal5 assembly.
Other QTL controlled BW at several ages. Thus, QTL for BW9 and BW12 were detected in a region spanning 155 to 165 Mb on GGA1. QTL controlling carcass weight in Beijing You chicken (Liu et al., 2013) and feed intake in layers (Yuan et al., 2015) have already been mapped within this region. Although the present study confirmed the role of this region in the genetic control of BW in the chicken, its large size (10 Mb) prevented the identification of potential candidate genes. The most significant growth QTL were detected by the 3 methods for BW3, BW6, and BW9 between 0.08 and 0.77 Mb on chromosome 24 (see Figure 1 for FASTA method). No QTL has previously been reported for BW at this position. The estimated QTL effects were different between the 3 methods but the size effect decreased with the age of the chicken, suggesting a QTL of early growth. Indeed, the effects represented 0.69, 0.29, and 0.20 σ p using FASTA and 0.14, 0.14, and 0.11 σ p using Bayes Cπ, for BW3, BW6, and BW9, respectively. With the LDLA method, the QTL variance decreased from 55 to 32% of the genetic variance between BW3 and BW6 and was 13% for BW9 (Table 2) . Working on slow-growing label-type chickens, N'Dri et al. (2006) showed that birds with a faster initial growth rate had a lower feed efficiency, probably because of their greater BW at a lower age which increased their maintenance costs. Interestingly, QTL for feed conversion ratio was previously reported between 0.18 and 0.89 Mb (MignonGrasteau et al., 2015; Shah et al., 2016) . Further study should be needed to refine GGA24 growth QTL and to examine its putative pleiotropic effect on feed conversion ratio, which is far higher in slow-growing label-type chickens than in fast-growing broilers.
QTL of Body Composition
Two new regions of interest for AFP were highlighted by the current study, on GGA1 (38.4 Mb) and GGA3 (109.1 Mb). Three new QTL regions for BMY were found on GGA6, 17, and 18. The 2 highly significant QTL on GGA17 and GGA18 were detected by the 3 methods (see Figure 2 for Bayes Cπ method). When looking at the breast meat yield distribution according to the genotype at the GGA18 QTL (at 0.87 Mb), we estimated that BMY was increased by 0.8 point in animals homozygous for the favorable allele compared to animals homozygous for the unfavorable allele. This difference was estimated at 0.6 point for the QTL we identified on GGA17 (at 2.0 Mb). The combined effect of these 2 regions on BMY was large and estimated at 1.1 points. These results show that wide genetic variability for BMY still exists in this slow-growing line and that the 2 QTL regions we identified could be of interest for selection on increased breast meat yield. While no pleiotropic effect for any of the studied traits was evidenced for GGA18 QTL, BMY QTL was in the vicinity of redness QTL on GGA17. The most significant SNP on GGA17 (rs15034052) is located within LRSAM1 gene and the most significant SNP on GGA18 (rs14105923) within MYOCD gene. One must highlight the fact that these 2 genes were recently evidenced as candidate genes for white striping (WS) phenotype, an emerging muscle disorder characterized by white striations parallel to muscle fibers (Pampouille et al., 2018) . The prevalence of this defect is directly related to broiler growth and even more to breast muscle development, as underlined by the high genetic correlation of 0.68 estimated between WS and BMY in a fast-growing chicken population (Alnahhas et al., 2016) . Study by Pampouille et al. (2018) on the same population identified 3 SNPs that were significantly associated with WS at the chromosome level and located on GGA1, GGA17, and GGA18. eQTL analyses showed that, out of the 3 candidate genes identified on GGA17 (LRSAM1, PN-PLA7, TUBB4B), LRSAM1 was the only one whose expression was regulated by the region (i.e., a cis eQTL was detected). In addition to being a positional and expressional candidate gene for WS, LRSAM1 was a good functional candidate gene, since a mutation in this gene results in a form of hereditary motor and sensory neuropathy where slowly progressive distal muscle weakness and atrophy were observed (Guernsey et al., 2010) . The WS QTL evidenced on GGA18 at 2.77 Mb (Pampouille et al., 2018) was close to a cluster of genes encoding several myosin heavy chain isoforms and from MYOCD gene. Myocardin is a smooth and cardiac muscle-specific transcriptional coactivator of serum response factor, a ubiquitous transcription factor implicated in smooth muscle gene expression. Studies of myocardin knockout mice showed delayed embryonic growth and lethality by day 10.5. Mutant embryos were characterized by normal gross morphology of the heart but severe vascular defects (including underdeveloped dorsal aortae) with disruption of the differentiation of smooth muscle cells (Li et al., 2003) . One of the most common hypotheses for the appearance of muscle structural disorders in chicken is the imbalance between the hypertrophy of the fibers and the muscle vascularization, and it was recently reported that the vessel density is initially reduced in birds that will succumb to wooden breast myopathy (Sihvo et al., 2018) . The current study and the one from Pampouille et al. (2018) strongly suggest that the GGA17 and GGA18 regions are bearing molecular actors involved in breast muscle development but also in undesired structural disorders such as WS which are mainly observed in intensive selected genotypes.
QTL of Meat Quality and Behaviour at Slaughter
Contrary to growth and body composition traits, few QTL have already been detected for meat-qualityrelated traits in chicken. One can also highlight the paucity of results by comparison to pig, since a total of 105 QTL for all meat quality traits were listed in Animal QTLdb for chicken, while there were as much as 708 for meat pH or 602 for meat color for pig. As shown in Table 2 , QTL were detected in the current study for all the meat quality traits except DL. Of the 15 most significant SNP, 3 were found for pH15, 2 for pHu, 2 for L * , 2 for a * , 2 for b * , 3 for IMF, and 1 for WF. None of these QTL had previously been reported. Their level of significance used to be lower than the one reported for growth or body composition traits and, except the regions spanning from 35.9 to 40 Mb on GGA1 and from 1.45 to 4 on GGA17, there was no indication of pleiotropic QTL controlling both body growth and meat quality. These results open opportunities to improve production traits without impairing meat quality traits in the studied population but raise some limits of the studies based on growth-related models for the discovery of the molecular actors controlling meat quality in chicken. Genetic architecture of meat quality has recently been refined thanks to the study of 2 divergent lines specifically selected for meat ultimate pH, a major determinant of the technological quality and processing ability of the meat. A few regions of major interest for meat ultimate pH were evidenced, and several candidate genes were suggested which were directly involved in glycogen synthesis and degradation or in the balance between these 2 systems (Le Bihan-Duval et al., 2018) . These regions and genes did not co-localize with the 2 most significant pHu-QTL mapped in the current study which is likely due to the polygenic nature of such meat quality trait whose genetic determinism may be population dependent.
CONCLUSIONS
The present study showed that numerous QTL underlie the wide genetic variability of growth, carcass composition, and meat quality evidenced in this slowgrowing line. The 3 methods used agreed in identifying strong QTL such as that detected for early growth on GGA24 and for breast meat yield on GGA17 and GGA18. Several significant QTL were also detected for the different components of breast meat quality. Such QTL detection provides new genomic regions to investigate in order to improve our understanding of the biological bases of product quality in relation to growth and body composition and to develop molecular tools for the selection of these traits in chicken.
